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Summary 
 
Currently, the idea of building online communities has spread rapidly 
from conventional businesses to multitudinous burgeoning online 
crowd projects, such as those in the crowd-funding and charity sectors. 
With the ever-escalating explosion of the business size of crowd 
projects, the evaluated value of these online communities has 
simultaneously escalated. The social effects in online communities is 
deemed an important source for user-behavior analysis and prediction 
in crowd projects. There is a plethora of studies examining the overall 
social effects in the online crowd-funding community, however, the 
quantification of the individual-level social effects has been 
investigated by very few researchers. 
In this thesis, based on the dataset of Kiva.org, one of the countless 
websites that pioneered pro-social crowd-funding, we analyze the 
structure of the online community and propose a feasible 
similarity-based prediction framework to model the individual level 
social influence. The experimental results indicate that the framework 
is useful in improving group members’ pro-social behavior prediction 
in Kiva. The modeling of social effects minimizes the gap on 
individual-level social effects analysis lacking in crowd-funding 
literature and could be widely adapted for user behavioral analysis in 
online community and online crowd projects. 
Keywords: Crowd Project, Crowd-funding, Online Community, 
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Individual Level Social Effects, Kiva 
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1. Introduction 
With the ever-escalating development of digital technology, the social 
lives of people have morphed to the online virtual world. The Online 
Community (OC) is one of the popular virtual places for users 
possessing the common motivation to gather together and interact with 
each other. Diverse OCs have been developed in the past decades as the 
OC evolves in parallel with the evolution of the Internet (Rheingold 
2000, Tapscott and Williams 2006). Some OCs are developed for 
collaboration and knowledge sharing, some are meant for social 
bonding, and others are devoted to external events (Opp & Gern, 1989; 
Faraj et al., 2011). 
The marketing value of online communities has earned the recognition 
of many businesses, like Harley Davidson, Jeep, LOMO cameras, Apple 
inc. and Saturn (Algesheimer et al., 2005). They have been actively 
seeking approaches to attract and maintain positive relationships with 
their customers via their brand communities (Muniz & O’Guinn, 2001). 
These firms derive benefits from having a loyal customer base since 
customers could access the brand-information easily and be influenced 
by fellow customers without temporal and geographical limitations (H 
Lee, 2011). Many studies on the online communities are mainly aiming 
at the practice of developing the relationship between customers and 
companies (Prahalad and Ramaswamy, 2003). Some scholars have also 
applied the network theory to the analysis of the community-structures 
M.Sc. Thesis – Peng Jinyue (A0123883B) 
 ! 2!
in order to acquire a better understanding of the mechanisms of brand 
communities (H Lee, 2011). 
The idea of building online communities has evolved from promoting 
normal brands to other “crowd” programs, including burgeoning 
crowd-funding projects and charity projects. Crowd-funding’s 
marketing value has in recent years reached billions of US dollars 
(Massolution, 2015). Since crowd-funding platforms fundamentally 
derive benefits from aggregating people for funding a project or venture, 
building an online community for the users distinctly encourages 
communications between customers and may add value to the 
programs, which closely resemble many other online brand 
communities in traditional businesses.  Researchers have confirmed 
that participating in an attached online community does impact the 
performance of crowd-funding platforms and they have also verified 
the existence of social effects in a crowd-funding community (Burtch et 
al.,2013; Chen et al. 2015). Similarly, pro-social programs are also 
embracing the online communities. The charity sector is playing an 
increasingly important role in the economy globally (Hassay & Peloza, 
2009). Hassay & Peloza contended that brand communities have a 
significant impact on nonprofit programs and emphasized the value of 
the social effects in online charity communities.  
Despite the importance of social effects in the online community on the 
success of online crowd programs, there is insufficient extant literature 
to quantify the peer social effects in the corresponding user-behavior 
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analysis. Several reasons may be responsible for this situation. First, 
the marketing value of these online crowd programs has been 
underestimated by the public for an extensive period until it gained 
popularity in recent years.  Second, quantifying the social effects is 
deemed difficult due to the complexity of the community networks.  
Third, because building a specific online community for the crowd 
programs remains uncommon in industries, there is still insufficient 
appropriate data for researchers to analyze the social interactions and 
the transactions of users. 
Fortunately, Kiva.org, a pro-social crowd-funding platform, one of the 
first non-profit organizations to pioneer the online community has 
published their users’ behavioral data collected since 2008 for research 
and other pro-social usage. Based on their data, researchers have 
proven that people in the same pro-social community are willing to 
share information together, especially in competition with other 
communities (Scott Hartley, 2010; Roy Chen et al., 2014). Furthermore, 
the community information has proven to be useful in loan 
recommendation (Choo, 2014). However, there is still a dearth of 
research on the detailed patterns of individual-to-individual social 
effects.  
Due to the enormous potential of modeling peer social effect in lending 
community and the lack of existing researches, in this study, we 
attempt to answer several research questions:  
RQs: How is a customer’s behavior affected by other team members in 
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a crowd-funding community? How to model the peer social effect 
patterns based on limited connection information between individuals? 
How could we leverage these patterns into a lending behavioral 
prediction model?  
We apply the network analysis in studying the structure of pro-social 
lending communities and leveraging the analysis into a prediction 
model. Using Kiva.org as an example, we exploit the local social effects 
from the tracing of users’ behavioral similarities and run a 
similarity-based iteration model to gain a better lending behavioral 
prediction.  We also conduct a series of experiments to verify the 
improvements in prediction. 
This study attempts to fill the gap in literature on peer social effects in 
online pro-social lending communities. The proposed analytic 
framework can be developed into useful prediction models, as this is 
crucial for decision-making managers of crowd lending websites. It 
might also be generalized to different kinds of crowd-funding 
communities or even online brand communities in order to reach a 
better consumer behavioral prediction. 
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2. Literature Review 
2.1 Online Brand Communities 
The concept of community has a long history in social science literature 
(Szmigin et al., 2005). The building of early communities depended on 
common geography and familiarity among group members (Muniz & 
O’Guinn, 2001). There are at least three commonalities of communities: 
consciousness of similarity towards team members and difference from 
non-team members, presence of shared conventions and duty sense to 
the community (Muniz & O’Guinn, 2001).  
With the emergence of urban societies, online communities, which are 
capable of transcending geographical and temporal boundaries, were 
created on the Internet to connect people from different places in the 
modern era. An OC is a virtual community that aggregates a group of 
people with the same interests or purposes interacting with each other 
primarily via the Internet (Fuller et al., 2007). It supersedes the 
restrictive community concept as a common place for a group of people, 
rather, it represents the “common understanding of a shared identity” 
(Muniz & O’Guinn, 2001). Broderick et al. (2007) contended that the 
social network constructs of online and offline communities differ: 
besides the individual-to-individual relationship, in online 
communities, it is imperative to consider the individual-to-community 
relationships. 
Among all kinds of OCs, online brand communities (OBCs) possess 
M.Sc. Thesis – Peng Jinyue (A0123883B) 
 ! 6!
special commercial characteristics based on the members’ interests or 
even feelings of love for a brand, including passion, positive evaluation, 
brand attachment and their declarations of love for the brand (Albert, 
Merunka, & Valette-Florence, 2008). The forms of communities are 
diverse, ranging from blogs, social group forums and fan pages in social 
media in support of multiple information sharing and more social 
communication among customers (Fournier & Avery, 2011). For 
example, users could join brand groups or become fans of the brands to 
acquire useful information in the popular social network websites like 
LinkedIn 1  or Facebook 2 .  Marketers deem OBCs as important 
marketing, innovation and customer relationship management tools; 
while customers regard OBCs as venues for gaining product 
information and cultivating brand loyalty (Adjei et al., 2010; Zaglia, 
2011).  
The number of studies on online communities has escalated in the past 
years.  The study conducted by Adjei et al. (2010) verified that no 
matter whether the online brand communities are company-owned or 
independently owned, they remain as effective tools for influencing 
sales. Broderick et al. (2007) proposed a theoretical framework in order 
to understand the word-of-mouth (WOM) communication in online 
communities. Goh et al. (2013) affirmed that customers’ participation 
in social media brand communities leads to a positive increase in 
purchase expenditures on the corresponding products. 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!1! ! www.linkedin.com!2! ! www.facebook.com!
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2.2 Crowd-funding 
Crowd-funding is a burgeoning phenomenon where a group of 
individuals raise money, usually via the Internet, in order to invest in 
and support innovative projects or entrepreneurial ideas initiated by 
other people or organizations (Ordanini, 2009; Schwienbacher & 
larrlde, 2010; Burtch, 2013). Crowd-fundings aim at helping the 
individuals and start-ups get funded and realize their business ideas. In 
this way, they are causing a boom in innovations in the industrial sector. 
Meanwhile, facilitated by web technology, crowd-funding platforms are 
motivating more and more people with only a small amount of money 
for investment to undertake profitable or meaningful projects globally.  
The features such as low investment thresholds, convenient operations, 
interesting published stories and expected high profits have accelerated 
many crowd-funding platforms’ popularity. Existing crowd-funding 
platforms vary in nature from non-charity-based (e.g. Kickstarter, 
Gofundme) platforms to charity-based platforms (e.g. Kiva, Readyfor) 
according to the main project categories, lending modes and 
motivations of lenders. Crowd-funding platforms has seen an 
accelerated increase recently. According to an industry report, in 2014, 
the crowd-funding market had grown by 167% to over 16 billion USD 
(Massolution, 2015). The statistical reports of Kickstarter3, one of the 
most successful crowd-funding platforms, indicate that in early Aug 
2016, over 11 million people had backed at least one project while 2.5 
billion USD had been pledged. !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!3! Source:!https://www.kickstarter.com/!
M.Sc. Thesis – Peng Jinyue (A0123883B) 
 ! 8!
There are various streams of study investigating the different aspects of 
crowd-funding. Some studies have focused on the customers’ 
characteristics, motivations, participation or contributions (Fang, 2008; 
Armin Schwienbacher & Benjamin Larralde, 2010; Agrawal et al., 2011; 
Ulrich, 2014); others have examined the determinants of success for 
the ventures (Mollick, 2014). The “crowd” feature of crowd-funding has 
also attracted the attention of some researchers. Some studies have 
examined the social nature of crowd-funding. For example, based on an 
online crowd-funding platform for journalism projects, Burtch et al. 
(2013) empirically tested the antecedents and consequences of the 
project contribution process to identify social influences in a 
crowd-funding community. However, the quantity of the study about 
social effects of the contributors remains limited. 
2.3 Kiva’s Online Pro-Social Lending Communities 
Kiva Micro-funds (Kiva.org) is one of the most successful non-profit 
organizations in the world that was founded in 2005 by Matt and 
Jessica Flannery.  It started as a pioneer to provide an online platform 
for people to provide interest free loans for low-income entrepreneurs 
and students in more than 80 developing countries (Hartley, 2010). As 
the statistics on their main page show, by the end of July 2016, more 
than 1.5 million people had provided loans on the Kiva platform. 
In 2008, Kiva added “Lending Teams” on their website for its members 
to create or join, as well as to collaborate with lending groups.  Based 
on the Kiva platform, to some degree, lending teams resemble extended 
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brand communities (Ordanini, 2009). The advent of “Lending Teams” 
in Kiva has led to the forming of unique online pro-social lending 
communities, which successfully capture the attention of lenders, micro 
lending marketers, and researchers. Hartley (2010) compared the 
lending performance, size and categories of 120 lending teams based on 
a two-month observation to seek answers to online lender cooperation 
questions. In order to understand the motivation of members for 
joining lending teams, Liu et al. (2012) conducted a text coding of the 
reported motivations of the memberships and classified them into 10 
categories, e.g. general altruism, group-specific altruism, and so on. 
They noticed that the motivations stated by a lender do impact his/her 
performance and also correlate with his/her choice of teams. They also 
ascertained that compared to those who do not join any lending team, 
the users who join one or more teams take on more loans per month. 
Chen et al. (2015) further studied the findings and conducted a field 
experiment to argue that the competition between teams enhances 
pro-social behavior in teams. Researchers have also attempted 
leveraging the information existing in lending teams to construct 
prediction models in Kiva. Liu et al. (2012)’s study verified that lenders’ 
motivations and team activities could be used in predicting lending 
frequency. Based on the maximum-entropy distribution model, Choo et 
al. (2014) constructed a prediction model to predict the lending 
activities. However, few studies exist on quantifying social effects in the 
online communities.  
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2.4 Social-effects Analysis and Behavior Prediction Model 
According to the social identity theory, people are capable of 
developing a perception of membership, together with emotional and 
value significances in a group (Tajfel & Turner, 1985). The community 
identification may result in positive engagement and social influences 
for the customers (Algesheimer, 2005). Bagozzi & Dholakia (2002) 
found that internalization (i.e., one’s goals are congruent with other 
group members) and identification were significant predictors of 
members’ participation in their community. As we discussed previously, 
these findings are supporting the homophily view that people have 
tendency to join communities with same social identification and those 
communities which the users join could influence their behavior.  
However, the detailed influence pattern remains obscure. We seek 
answers for the following questions: How is a user capable of being 
influenced by others? Will the social effects influence the participation 
of the pro-social lending behavior? What kind of community structure 
is capable of influencing a user’s behavior? Can we quantify the social 
effects for the prediction?  
The complexity of the structure and the endogeneity of the influences 
render it very difficult to model the social influence in an online 
community. There have been some attempts to apply network analysis 
to uncover the detailed influences. H Lee et al. (2011) proposed that the 
network theory could be applied to the analysis of user behavior in 
brand communities. Based on the graph theory from the mathematics 
M.Sc. Thesis – Peng Jinyue (A0123883B) 
 ! 11!
field, the network theory emphasizes the idea that a network consists of 
nodes (members) and links (relationship between members) (Burt, 
1992; Wasserman and Faust, 1994). H Lee et al. (2011) found that the 
strength of ties, homophily and connection density impact members’ 
emotional attachment to the brand community and in turn impacts 
their intention of maintaining a relationship, and sharing information 
and re-purchases. 
Indeed, utilizing social network analysis in social sciences has been 
popularly practiced for decades (Borgatti et al. 2009). In this case, 
since online crowd-funding communities are often perceived as special 
brand communities for a platform, we aim to analyze the social effects 
based on the network theory. 
More specifically, different levels of social effects within different 
scopes could exist. One’s behavior could be influenced by both the 
global pattern in a social network (e.g. the culture) and by friends in 
his/her ego-network (e.g. the pairwise influence) (Robertson 1992; 
Goyal et al. 2010; Saito et al. 2008; Zhang, et al., 2014). Moreover, the 
strength of social ties is often regarded as an indicator of social 
influence. The strength of a social tie is a combination of “the amount 
of time, the emotional intensity, the intimacy and the reciprocal 
services that characterize the tie” (Granovetter, 1973). Strong ties 
increase the trust and the influence of close friends (Centola & Macy, 
2005). This means that a person possesses a higher probability of being 
influenced by the one displaying stronger social ties with him/her. 
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An analysis for social effects could be applied to many areas, such as in 
user behavior prediction. Prediction is an important stream of research 
and has been applied in a wide range of sectors of recent years, e.g. 
forecasts on the stock market and predictions on performances of 
movies. Prediction of user behavior can motivate marketers to develop 
market strategies and improve the performance of advertisements or 
recommendations. Although no uniform method exists for all 
prediction contexts, learning-based prediction models remain one of 
the main methodologies (Witten, 2005). The social network features 
could be used in the user-behavior prediction model, for example, 
Zhang et al. (2014) used them in the retweet behavior prediction on 
Weibo4. However, the number of studies about the prediction of user 
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3. Research Context 
3.1 Kiva Platform 
!
Figure 1: The Story of Kiva 
!
Figure 2: A Lending Team of Kiva 
The story of Kiva is not complex. Figure 1 shows that field partners 
(most are microfinance institutions, while some are schools or social 
enterprises) assume responsibility for directly contacting and 
evaluating local borrowers and collecting stories and photos from these 
borrowers and posting them on Kiva. Based on the partners’ financial 
audits, organizational experiences, and existing loan portfolio sizes and 
risks, Kiva employees assess the partners’ risks and when they are 
posted, they are attached to the loan. Next, lenders are able to register 
on the Kiva platform, browse the profiles of loans and choose the loans 
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to offer an interest-free loan of $25 or more to support the 
entrepreneur(s). Kiva would in turn distribute the money to the 
partners, following which the partners would lend the money to the 
borrowers. Partners are expected to collect the principal sum and 
interest from the borrowers and return the interest free money to Kiva, 
which receives the money from the partners before returning it to the 
lenders.  
!
Figure 3: Users’ Posts in Kiva Lending Teams 
Kiva also provides platforms for members having the same motivation 
to aggregate as a group in its “Lending Teams” pages. The group could 
be closed or open. The closed groups are developed for specific people 
while everyone is allowed to apply for the open groups. Group members 
are able to post on the posting board of the group, read other members’ 
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posts, view team activities and rankings from the website (see Figure 2 
& Figure 3). 
Kiva has released its users’ behavior data for the public. It enables 
everyone to use the dataset to study the mechanisms of the social 
networks in crowd-funding communities. We use a dataset collected 
from 2008-2013 and shared by Choo et al. (2014) in our research. The 
Kiva dataset contains a massive set of heterogeneous information about 
the following types of entities. We utilize the information of: 
Users. This includes users’ profile data, e.g., registration timestamp 
and geo-location. 
Lending teams. The profile of each team includes a name, a team 
category, a brief description, a webpage URL and so on. 
Loans. The dataset contains loan descriptions of the loan sector, field 
partners, a geo-location, loan amounts and the posted/funded/paid 
timestamps for every loan. 
Relationship graph. A set of lender-to-teams and lender-to-loans 
relationships is perceivable in the data set. The provided information is 
a many-to-many relationship, for example, lenders may participate in 
multiple teams and contribute to more than one loan.  
3.2 Data Description 
We select Kiva data from the period of 2012.1.1-2013.2.28 for our 
experiment, in other words, we choose the 153629 loans posted during 
this same period as the sample. We discover that there are 1092660 
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registered members on Kiva and 24672 teams were formed before 
2013.3.1. Among these members, 178389 members registered during 
our experiment period while 3950 teams were formed at the same time. 
Due to the lack of data about when the members joined the team, we 
choose earlier-registered samples to reduce the bias: only keeping the 
teams that were formed and members that registered before 2012.01.01 
to create clearer data.  
Table 1: Data Summary 
#total teams 20722 
#total loans 153629 
#total members 914271 
#members who joined at least one team 174317 
#members who contributed to at least one loan 388742 
Max #teams a member joined 11782 
Max size of a team 18816 
Max #loans a member lent to 30222 
Average #loans a member lent to 3.60 
Average #loans a non-team member lent to 2.14 
Average #loans a team member lent to 9.77 
# Lender location 203 
# Loan location 60 





The data summary is presented in Table 1. It is seen from this table that 
among a total of 914271 chosen members, 349299 members (38.2%) 
lent loans posted in this period and 41630 members (4.6%) kept an 
average lending frequency of at least 1 loan a month. It is perceivable 
that during this period, more than 10% of users among those with 
lending behavior are highly active users. Figure 4 shows the 
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distribution of lent loans. It is obvious that most people made small 
contributions with only one or two loans. Moreover, it is perceivable 
from Figure 5 that even though the team sizes vary from 1 to more than 
18k, most of the teams (97.6%) are small teams comprising less than 50 
members. 
It is also discernible from Table 1 that only 174317 joined one or more 
teams. It means that most of the members (80.9%) in the platform are 
not members of any team. People who joined teams acquire a much 
higher average number of lent loans per person than those who do not 
(see Figure 6). Figure 6 indicate that the average contributions of 
members who joined middle-sized groups (11-1000) are perceived as 
very stable, with an increase in team size. 
Among the members who joined at least one team, 140695 (80.7%) 
joined only one team and 21530 (12.4%) joined two teams while 913772 
(99.9%) members joined no more than 10 teams. Figure 7 shows the 
distribution of joined teams. A small number of people are seen to have 
joined many teams. If the relationship between the number of joined 
teams and the contributions in Figure 8 (#joined team<=20) are 
considered, it is evident that there is a positive relationship between 
them. Moreover, we also find that these members belonging to multiple 
teams are spread over 15616 teams. This means that 75.3% of the teams 
should be connected by those members of multiple teams. This 
observation reveals the integration of the whole platform as well as the 
complexity of the social effects among the users from different teams. 
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It is perceivable from Table 1, that the lenders are dispersed among 203 
countries while the loans are located in 60 countries. In addition, it is 
perceivable that most of the lenders (42.6%) are from the United States 
while other lenders are from different countries globally.  
!
Figure 4: Distribution of Lent Loans 
!
Figure 5: Distribution of Team Size 
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!
Figure 6: Average Lending Performance in Teams of Different 
Sizes 
!
Figure 7: Distribution of Joined Teams 
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!
Figure 8: Number of Joined Teams and Lending Performance !!!!!!!!!!!!!!!!!!!!!!
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4. Prediction model 
The lending behavior prediction can be considered as a binary 
classification problem. Given a user !! and a timestamp!!, our goal is 
to categorize !! ’s behavior, i.e. whether to lend or not at !. In this 
section, we use the classic logistic regression model as the basic 
prediction model. In order to predict an individual’s behavior, we 
summarize the features of the lenders according to different 
dimensions, including the profiles of lenders, their lent loans and the 
teams they joined. Furthermore, based on the basic learning model, we 
propose a similarity-based model to quantify the individual level 
influence. 
4.1 Features 
It is possible to extract features from different aspects of users’ 
behaviors. The first aspect is their personal features, e.g. the previous 
lending frequency, geo-location, and claimed motivation for lending. 
The second category of features is related to their lent loans, e.g. the 
industry, country, borrower, and partner information. The third 
category of features is the team information, e.g. the number of teams a 
member belongs to. Next, we summarize these features from the data:  
Lending frequency: the average number of lent loans in the 
observation period  
Member history: The number of months after the member’s 
registration on Kiva 
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Lender Location: the national code of the lender  
Sector: the number of loans within a particular proposed sector 
Loan Location: the number of loans within a particular nation code, 
e.g. Vietnam 
Gender of borrowers: The number of loans made by female 
borrowers 
Partner: the number of loans raised by a particular partner 
Number of joined teams: the number of teams a lender joined 
Team size: the average size of the joined team(s) 
Team performance: the number of loans lent by all the team 
members 
4.2 Basic Training Models 
We select regression as the baseline learning-model. Logistic regression 
is one of the most classic probability prediction models. We denote !!! 
as the status label and !!! as the feature vector of user !! at time !. If 
user !!  will lend at time t, !!! = 1, otherwise !!! = 0. The logistic 
regression can model the probability of the occurrence of !!! = 1 as a 
function of !!!: 
! !!! = 1 !!! = 11+ !! !!!!!! !!!!!!!!!!!!!!!!!!!!!!!!(4.1), 
in where ! and ! are the parameters to be estimated. Then we can 
obtain the predicted status !!! given a threshold ! (often set as 0.5): 
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! yit =






                  
(4.2). 
If ! is fixed, and ! could be arrived at by maximizing the likelihood 
function: 
! !,! = ! ! = !! !,!,!!!!!
= ! !! = 1 !,!,! !! ! 1− ! !! = 1 !,!,! !!!!!!!! !(4.3), 
If we simplify the parameters and set the probability of an example 
being classified to a positive class as: 
! p y = +1 !x( ) = g ωkxkk=0l∑⎛⎝⎜ ⎞⎠⎟                 !(4.4), 
where ω  is the only parameter and !  is the size of the features.  
Then the likelihood function could be: 
                 (4.5). 
4.3 Modeling Peer Social Effects in Online Communities 
4.3.1 Pairwise Influence in Online Communities 
In comparison with a social network, the structure of online 
communities is more obscure because of the unclear connections 
between the members. For instance, within the scope of one 
community, all members can face the same information flow, and the 
!L= log g yi ωkxikk∑( )i=1n∑
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whole community might influence these members equally on the 
surface. However, disequilibrium of social impact cannot be a 
negligible factor in user behavior analysis. 
An abridged view of the relationship between online community 
members in several communities is shown in Figure 9. Every node from v! to v!" represents a user in the network, and the edge between two 
nodes represents the visibility of the information published between 
two persons. Therefore, every node has the probability to be influenced 
by other nodes in the same community. For someone who has joined 
multiple communities, such as node !!, multiple communities might 
influence that person.  
 
Figure 9: Example of Multiple Online Communities 
However, when the volume of posts becomes unwieldy large for a 
member of the community facing thousands of difficult to digest posts, 
his/her personal information-filter must be evoked. The content can be 
censored according to the users’ browsing periods or selected 
intentionally by the users. Some people only follow the messages or 
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behavior traces posted by the one they are concerned about. In other 
words, the degree of social impact on one user might be different due to 
the different sources, i.e. different friends in the community. Diverse 
pairwise social influences result in a complicated local influence for one 
person. Therefore, a user might be unequally influenced by others. In 
addition, since social ties affect the trust and the influence of friends 
(Centola & Macy, 2005), the perceived peer influences are uneven 
among the team members.  
Although it is difficult to measure the strength of pairwise influences, it 
is possible to measure the degree of pairwise behavioral similarity as a 
proxy. Due to the social influence between two members within the 
same team, each will act similarly, and hence the behavioral similarity 
could be a proxy variable for a measure of influence weight. In our 
study, we abstract sequence vectors from user behavior and compute 
Cosine Similarity to measure the similarity between the behavior 
sequences of two individuals. Below is the definition of the behavioral 
similarity:  
Definition 4.1: Behavioral similarity 
For two users !! , !! ∈ ! , we denote their action sequences as !! =!!!, !!!,… , !!"  and !! = !!!, !!!,… , !!" , in which !!" represents the 
selected behavior by user !  in event ! If !!  and !!  represent the 
joining time of the user !! and !!, !!! represents the first event after 
time !  and !!!  represents the last event before time ! , then the 
behavioral similarity of the user !!  and !!  between time !! and !! 
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will be:    
!"#!"!!!! = !!"!!"!!!!!!!!"!!"!!!!!!!!!" !!"!!!!!!!!!" !!!!!!!!!!!!!!!!!!!! 4.6 , 
in where  
!!" = max !!!! ,!!!! ,!!!! ,!!" ≤ !!!! , !! ≠ 0, !! ≠ 0!!!!!!! 4.7 . 
The selected behavior could be binary or non-binary. The number !!" 
can represent the user’s behavioral strength of this event. According to 
different levels of events such as loan levels, geographical levels, 
category levels and so on, there might be multiple levels of similarity. 
For example, loan level, binary !!" refers to user !! ’s choice of loan 1. 
For example, !!! = 1 means that user !! chooses to lend to loan 1 and !!! = 0 means the user didn’t lend to loan 1. Another example refers to 
the category level, where !!!!could be used to measure the number of 
lent loans by user !!  in category 1. If !! = 0!!"#! !! = 0, or the 
member’s joining time is later than the period, the similarity is!0.  
4.3.2 Complex Influences in Online Communities    
It is possible that people are only influenced by those with strong 
homophily or preferences but also by those with weak connections in 
the same social network. Granovetter (1973) emphasized the strength 
of weak ties. Other than strong emotional bonds, weak ties represent 
the connections that are looser, albeit still useful for individuals due to 
the possibility of providing information or opportunities (Adler and 
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Kwon 2002).  
Centola & Macy (2005) proposed that complex contagions require 
multiple exposures from different sources and the behavioral adoption 
depends on the width of the bridges among nodes across a network. 
Shuai et al. (2012) modeled the indirect influences on Twitter 5 , 
confirming evidence that multiple exposures of a message originated 
from indirect contacts while those posted by direct contacts are capable 
of affecting one’s tweeting behavior regarding the message.  
Based on previous studies, verifying the complex nature of the 
influences inside a community, we could posit that in the online 
community, users could be affected by both their strong-bonded and 
weak connectors. Simultaneously, they can be impacted by their direct 
connectors and indirectly connected friends, e.g. the teammates with 
little similarity with them or those from other teams who have 
connections with the users’ teams. Consequently, this indirect influence 
is delivered by their direct contacts. 
4.3.3 Modeling the Social Influence 
We can use the learning-based model to predict ! !!! = 1 , the 
probability of user !! ’s lending behavior at time !t . We apply a 
similarity-based iteration model for the social effects. For the user !vi , 
his/her connectors will influence his/her behavior probability, e.g. 
lending probability, in our study. This phenomenon will make them act 
similarly. In other words, two users with higher peer influence weights !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!5! www.twitter.com!
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will have a similar probability on lending. We apply a fixed time t, 
denote !! = ! !!! = 1 !!!  and set ! !!  as the set of connectors with !!, and thus the lending probability will be: 
!! ← !! + ! !!" !! − !!!!∈! !! !!!!!!!!!!!!!!!!!!!!!!!!!!!(4.8).!
where ! is the parameter indicating the weight of total influence and !!" is the influence weight of pairwise influences between !! and !!. 
We can change Equation (4.8) to derive: 
!! ← 1− ! !!"!!∈! !! !! + ! !!"!!∈! !! !! !!!!!!!!!!!!!!!!(4.9). 
In this study, we use a normalized re-distributed similarity as the proxy 
of pairwise influence weight. At first, we re-distributed the pairwise 
similarity to the users based on their reverse relative performance in 
past contributions. Taking the example of two users !! and !!, even 
though they can be influenced by each other, the degree of influence 
might differ. It is common in the social context for pairwise social 
influence to be always asymmetric. People are more easily influenced 
by opinion leaders (Nair et al., 2010). Those who are more active and 
make more contributions can have a greater impact in social 
communities. Therefore, in a pairwise relationship, the influence 
degree could be modeled as a reverse proportion of one’s contribution. 
In this case, if !!  has a contribution degree of !!!!  and !!  has a 
contribution degree of !!! , the original equivalent similarity is 
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!"#!" = !"#!" = !"#, then the re-distributed similarity score should be: 
!"#!"! = !!!! + !! !"#!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 4.10 . 
Second, we normalize the re-distributed similarity. If we set a starting 
observation time as !! , and the end time as timestamp !, we can 
denote !"#!" = !"#!"!!,! , and then the influence weight could be 
described as: 
!!" = !"#!"′!"#!"′!!∈! !! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 4.11 . 
Replacing w!" in Equation (4.9) with this normalized re-distributed 
similarity, we could obtain the new predicted probability: 
!! ← 1− ! !! + ! !"#!"′!"#!"′!!∈! !! !!!!∈! !! !!!!!!!!!!!!!!(4.12). 
We could ascertain from the equation how someone’s “neighborhoods” 
affect the probability of his/her behavior. For each user !vi , the 
probability of lending depends on his/her own profile and the 
difference between that person and his/her neighborhoods who can 
influence him/her. For instance, considering a two-member isolated 
group, if a user !vi  has a lending probability !pi =0.3, and his/her only 
neighborhood is 
!
v j , which has a lending probability of !
pj =0.8, then 
!vi  will be influenced by the difference !! − !! = 0.5 and vice versa. If 
the pairwise influence weight for !vi  is !wij =0.9, and for !vi  is !w ji =0.1, 
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the total influence weight is η =0.5, and the adjusted lending 
probabilities for !vi  will be !! = 0.3+ 0.5×0.9×0.5  and !! = 0.3+0.5×0.9×0.5. Their lending probabilities become closer to each other 
after the adjustment. 
Simultaneously, as we discussed previously, the occurrence of social 
influences is not a one-time process. For example, although the user !! 
may have a low predicted-probability according to the profile, he/she 
can be influenced by the group members who have a great influence on 
him/her and the adjusted lending probability !!  will be higher. 
However, if !! has been changed to a higher value, it means that !! 
may have a high probability to lend, and he/she will also influence 
other group members (indirect influence), hence an iteration may 
occur. There might be indirect influences from !!! ’s other weak 
connectors or the friends of his/her friends. The probability of !! ’s 
lending behavior will also be affected by his/her indirect friends, and 
thus we deploy an iteration model to quantify this process: 
!!! ← 1− !! !!! !!!!!+ !! !!! !"#!"′!"#!"′!!∈! !! !!!!!!!∈! !! !!!!!!!!!!!!!!!!!!!!! 4.13 . 
in which ! is the number of iterations. According to the formula, we 
replace!! = ! ⋅ !!!!, where ! is an attenuation coefficient which means 
the power of indirect influence is reduced, thus obtaining the 
assumption that ! ∈ 0,1 , ! ! ≤ ! !!!  and lim!→! ! ! = 0. The total 
influence weight !  will decrease in each iteration because of the 
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gradually weakened indirect influence. To make the process easier, we 
take ! ! = !! in our model.  
We give the pseudo code for the process of Similarity-based-iteration 
(SBI) as follows:  
Input: User graph V"="(!!,"!!,"…,"!!) , predicted-probability !P"="(!!,"!!,"…,"!!), re-distributed similarity graph SIM, weight parameters !, 
attenuation parameter !, iteration time Q and an iteration threshold ! . 
Output: Re-estimated probability P'#=#(!!′,"!!′,"…,"!!') 
For  = 1 to Q 
   diff ← 0  
   For each  in V 
          
          !!_!"# ← !! 
 !! ← (1 − !!!!!)!! + !!!!! !"#!"′!"#!"′!!∈! !! !!!!∈! !!  
          
          !"## ← !"## + !! − !!_!"# ! 
        
         
  End 
  If (diff < !) 
        break 
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5. Experiments 
Citing the case of crowd-funding platform Kiva, and based on the 
positive data from the users, we could predict diverse user behaviors 
such as the lending frequencies, lending preferences and lending 
amounts. 
5.1 Prediction Objective and Data Selection 
In our experiment, our aim is to predict the lending frequency of the 
members. More specifically, we endeavor to use a member’s 6-month 
historical lending behavior for predicting whether that member will 
lend in seven months. As our objective is to compare the prediction 
performance of the models with and without a proposed social effects 
analysis, we choose members who have joined at least one team so that 
they stand a greater probability of being affected by others.  
Specifically, we randomly select teams, obtain the corresponding user 
samples and observe their lending actions related to the loans posted 
from 2012.01.01-2012.07.31 as training and validation data. Among the 
samples, loans posted from 2012.01.01-2012.06.30 are used for 
features extraction and the loans posted from 2012.07.01-2012.07.31 
are used for status label observation. For example, if a selected user v! 
lent in the period 2012.07.01-2012.07.31, then y! = 1, otherwise y! = 0.  
We also randomly select users and observe their lending actions related 
to the loans posted from 2012.08.01-2013.01.31 as testing data, in 
order to predict their lending behavior, i.e. whether they will lend from 
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2013.02.01-2013.02.28. 
5.2 Examination of Behavior Similarity 
Before making the prediction, it is imperative to check whether the 
re-distributed pairwise behavior similarity (BS) could be used as an 
appropriate proxy variable for the pairwise social influence weight in 
our model. To improve on clarity, we try to find evidence to answer the 
following questions:  
(1) Is the re-distributed BS a reasonable proxy of the weight of 
pairwise social influence?  
(2) Will the BS be historically consistent; i.e. will the pairwise BS be 
persistent? 
As a result of the difficulty in measuring the accurate influences, there 
is difficulty to find direct evidence for Question (1). Similarly, since 
people are always connecting to multiple connectors, it remains 
difficult to find the exact influences from a certain individual. However, 
it is relatively easier to ascertain whether the BS can be a valid proxy 
indicating whether two connectors are impacting each other. Hence, we 
are able to obtain a comparison of the BS between those who are in the 
same team and those who are not. If the BS can represent the social 
influences, people in the same teams will be much more similar than 
people in separate teams.  
Based on Definition 4.1, we choose a loan-level BS as the comparison 
BS. We randomly select user samples, observe their lending sequences 
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posted from 2012.01.01-2012.06.30 and calculate the contrasting BSs. 
If we have m loans posted in this period and the loan sequence is l!, l!,… , l! , for user v!, the lending sequence is v!", v!",… , v!" ; and 
for user v!, the lending sequence is! v!", v!",… , v!" . Then we will have 
the value of behavior similarity between v! and v!: 
!"#!" = !!"!!"!!!!!!"!!!!! !!"!!!!! !!!!!!!!!!!!!!!!!!!!!!!!!!!!! 5.1 , 
In order to make the comparison reasonable and feasible, we randomly 
select M=20 teams from the teams of which the team members 
contribute to at least 100 loans in total. To reduce the bias from the 
users who joined multiple teams, we remove them from our test. Then 
we calculate the average BS (ABS) between users within one team. If we 
denote the total team set as !i , TM! as team !i , N! as the number of 
team member in team TM! , v!  as the user j and sim!"  as the BS 
between user v!!and v!, then the ABS would be: 
!"#! = 2 !"#!"!!,!!∈!"!,!!!!!!! !! !! − 1!!!! !!!!!!!!!!!!!!!!!!!!!!! 5.2 , 
We also calculate the average BS between the users from different 
teams. The ABS would be: 
!"#! = 2 !"#!"!!∈!"!,!!∈!"!,!"!,!"!∈!",!!!!!!!!! !!!!!! − 1 − !!!!!! !! − 1 !!!!!!!!!!!! 5.3 , 
The test results are found in Table 2 from which it is evident that the 
ABS among teammate-pairs is significantly higher than the ABS among 
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the pairs from different teams. 
Table 2: Average Behavior Similarity Comparison 
 ABS1 (within) ABS2 (separated) Diff 
Obs 20 20 20 
Mean .0002649 .0001070 .0001579** 
Std. Dev. .0002178 .0000399 .0002000 
Min .0000333 .0000279 .0253000 
Max . 0008639 .0001709 .1028000 
 
Table 3: Average Behavior Similarity in Various-sized Groups 
Type #Member #team ABS Diff 
Small 1<n≤10 18369 
.002888 0.002781*** 
Medium 10<n ≤ 20 1140 
.001554 0.001447*** 
Large 20< n ≤ 200 1087 
.000612 0.000505** 
Super large 200<n≤ 1k 99 .000247 0.000140* 
Extremely large n > 1k 27 .000110 0.000003 *! ! **! *** !
Furthermore, there might be a decrease in the average social influence 
with an increase of the team size, and therefore it is also diluted in a 
large community. This phenomenon is consistent with the idea that 
users are likely to filter messages in a big-sized community. We 
compare the similarities of the teams of different sizes. We classify 
teams into five kinds of groups based on their sizes: small, medium, 
large, supper large, and extremely large groups (see Table 3). We 
calculate the similarities of the lending behavior of members within one 
!p≤0.05 !p≤0.01 !p≤0.001
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kind of group. Hence, for small to large groups, we randomly select 20 
teams and calculate the ABS; for super large and extremely large group, 
we select two teams to calculate the ABS. After repeating the 
experiments 10 times we conduct a t-test to test the significance of the 
differences between the similarities within a group and ABS2. It is 
evident from Table 3 that users in smaller groups will have larger ABSs. 
Moreover, with the increase of group size, there is a decrease in ABS.  
!
Figure 10: Average Behavior Similarities in Various-sized Groups 
In attempting to answer question (2), we need to find evidence 
confirming the consistency of the similarities, and our aim is to choose 
top performance teams with an average loan per person>100, and to 
plot the ABS of the previous 6 months (2012.01.01-2012.06.30) and 
that of the following 6 months (2012.07.01-2012.12.31). The figure 
indicates that there is a strong positive relationship between these two 
ABSs. We calculate the correlation of two ABSs and obtain a result of 
0.599. This means that the past behavioral similarity score between two 
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users is highly correlated with their subsequent behavioral similarities. 
 
Figure 11: Average Similarity of First 6 Months and Following 6 
Months 
5.3 Experiment Evaluation 
We separate the observing data of training dataset (2/3) and validation 
dataset (1/3). Due to the large deviation and extreme distribution of the 
team sizes, we create a random selection of the samples from relatively 
small teams (team size <1000).  
We extract features for our user samples from the training data. Next, 
we apply the basic prediction model of linear regression (LR) to the 
validation features to obtain the probability of lending. To avoid 
overfitting, we add the squared L2 norm as a regularization penalty in 
the logistic regression model, then the likelihood function in Equation 
(4.5) will be changed to: 
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            (5.4). 
After developing the first-step logistic prediction model, we apply a 
range of ! and λ to the similar-based-iteration (SBI) model based on 
the observed similarities between validation samples and calculate the 
sum of differences between the labels and prediction results y− y . 
Then we obtain the best parameters that are relative to the minimum 
difference. For example, we can set ! as 0.17 and λ as 0.96. 
Table 4:Comparison of Prediction Results  
 LR SBI_LR FSBI_LR1 FSBI_LR2 
AUC 0.8286  0.8391  0.8206  0.7806  
Precision 0.7397  0.7447  0.7387  0.7187  
Recall 0.4303  0.4383  0.3906  0.3716  
F1 0.5440  0.5518  0.5110  0.4899  
Accuracy 0.8422  0.8492  0.8406  0.8394  
Next, we apply the proposed similar-based-iteration (SBI) models and 
compare the results with the baseline models. We use test precision, 
recall, F1-score, accuracy and Area Under Curve (AUC) to evaluate 
different methods in different dimensions (Buckley C and Voorhees E. 
M, 2004).  
The results are shown in Table 4. The results enable us to perceive that 
the proposed similarity-based-iteration model is capable of improving 
the prediction performance. Moreover, the SBI model can be observed 
!L= − log g yi ωkxikk∑( )i=1n∑ + C2 ωk2k=1l∑
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as improving the AUC of the baseline LR model by 1.3% (p<0.01). The 
F1-score of linear regression is seen to improve by 1.4% (p<0.01). 
Therefore, it is possible that the re-distributed similarity could be a 
proxy for the weight of social influence in our model. 
In addressing the effects of pairwise re-distributed similarity, we apply 
two shuffle similarity tests (Anagnostopoulos et al., 2008). The basic 
idea is to apply randomly designed fake similarities to the samples. If 
the improvement of the result is not due to the social effects calculated 
by the similarities, having the random social effects should also work. 
First, we create a series of random numbers in the range (0,1) to 
replace the original non-zero similarity, and repeat the experiment to 
check for any improvements (see FSBI_LR1 in Table 4). Second, we 
create numbers belonging to [0,1] and randomly select the pairs for the 
users.  In this case, compared to test 2, test 1 remains the team 
belonging information. The results indicate that the prediction 
performance for fake test 1 remains almost the same with baseline (a 
little lower), while it decreases in fake test 2 (see FSBI_LR2). This 
result asserts the important value of our measurement of influence 
degree from another angle. 
5.4 Complexity Analysis 
The advantage of this model is the flexible selection of behavioral 
events and the controllable length of behavioral sequences. The main 
steps of the similarity-based-iteration model are calculations of 
similarity and the iteration process. Regarding the similarity 
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calculations, if the number of pairs (edges) is E  and the length of 
observing behavior sequence is k, then the time complexity is O k E  
and the space complexity is O E . For the iteration process, the time 
complexity of each iteration is O E .  
5.5 Convergence Analysis 
Usually, the iteration model is required to be convergent to make the 
prediction result reliable and stable. In our study, the similarity-based 
model will be convergent. 
For each user v!, the difference of lending-probability between the old 
prediction y!!!!  and the new prediction y!!  in each iteration could 
be: 
         !!(!) − !!(!!!)  
= −!! !!! !!(!!!) !!"!!∈!(!!) + !! !!! !!"!!∈!(!!) ∙ !!(!!!) 
≤ !! !!! (!!" ∙!!∈!(!!) !!(!!!))− !!"!!∈!(!!) !!(!!!) !!!!!!!!!!(5.5). 
Since w!" ∈ [0,1]!!∈!(!!)  and y ∈ [0,1], then we know 
(!!" ∙!!∈!(!!) !!(!!!))− !!"!!∈! !! !! !!!  
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≤ (!!" ∙!!∈!(!!) !!(!!!))+ !!"!!∈!(!!) !!(!!!) 
≤ 2!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(5.6). 
Because !, λ ∈ (0,1) λ(!) < λ(!!!)  and lim!→! ! ! = 0, for any given ε > 0 , if k is sufficiently large to form 
λ(!!!) < !2! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 5.7 , 
we will have 
!! ! − !! !!! < 2!" !!! < ε!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 5.8 . 
Then for any ! > 0, we can obtain a ! to form 
!! ! − !! !!! ! < !ε! < !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 5.9 . 
Therefore, the iteration model could be convergent. This feature 
guarantees the constant count of iterations for all kinds of predictions. 
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6. Contributions and Limitations 
6.1 Contributions 
In this study, we analyze the social effects in the online communities of 
Kiva and propose a similarity-based iteration model for improving the 
lending behavior prediction performance. Specifically, we define the 
behavior sequences and the calculation method of the behavior 
similarity. It is discernible that by using the re-distributed behavior 
similarity as an asymmetric proxy variable for peer influence weight, 
we confirm that the model literally predicts the users’ behavior. 
Our method has several advantages. First, this model provides a 
two-step prediction based on classic prediction models and is easily 
implemented at the individual level, for analysis of social effects.  
Second, the controllability of computational complexity is based on the 
calculation of the similarities. Since the complexity is a constant 
bottleneck for the analysis of large-sized obscure networks, this model 
sheds light on the self-determined measurements for peer effects. Third, 
the flexibility of similarity analysis enables the model to be applied in 
other online community analyses.  
This study contributes to both practical usage and literature of 
crowd-funding community. First, it fills the gap in literature about 
quantifying the individual level social effects in crowd-funding 
communities by applying social network analysis and modeling the 
social effects in a prediction model. Since most studies about 
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crowd-funding have merely investigated the macro social effects in 
crowd-funding communities, our study represents the first step in 
analyzing the micro social influences in crowd-funding projects. 
Second, we propose a feasible prediction method that could be widely 
used in community analysis. It can be observed that in many online 
communities, the measuring of the degree of influence between users is 
very difficult, however, we provide a method for modeling the 
individual level similarities between pairs and use the similarities as a 
proxy variable of the influence weight.  
6.2 Limitations 
There remain some limitations of this study. First, the data limitations 
determine the relatively large grain size of our analysis. Citing an 
example, we stress that due to the lack of accurate information about a 
member’s time of joining a team and the accurate amount of money 
lent, we have to pre-process some data based on some assumptions. 
Moreover, the analysis of users’ relationship and influence degree is 
totally based on the similarity calculations as a result of the limited 
communication information. Second, because ours is the only analysis 
on Kiva platform, we have difficulty in proving the generalizability of 
our prediction framework to other platforms. Third, our model is still 
simple and calls for further improvement. Since we only apply basic 
logistic regression as the first step to predict the lending probability, 
our model is a preliminary model. 
However, Kiva is deemed a representative of the crowd-funding 
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community or even all crowd project platforms. The Kiva dataset is 
valuable, insightful and relatively big for a preliminary study on social 
effects. Our analysis is meaningful to verify the possible usage of social 
effects in online communities that may lack user connection 
information. The proposed model could also be applied to other 
crowd-funding communities as the basic idea about the social 
influences has been the subject of research by many scholars and is 
widely accepted. The framework’s agility is due to the diverse 
measurements for similarity and is applicable to various situations. For 
example, the similarity could be regarded as a product-level similarity 
(which might be measured by purchased-product similarity), an 
emotional similarity (which might be measured by product-assessment 
similarity) or a similarity based on social results (which might be 
measured by contact frequency). Therefore, it might provide a feasible 
solution for the modeling of social influences. 
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7. Conclusion 
This study tries to address the question regarding the social influence 
patterns in crowd-funding communities as well as how the user 
prediction model could be leveraged. We propose a similarity based 
iteration model in order to quantify the individual-to-individual social 
influence and leverage the social influence into a user behavior 
prediction. Based on data collected from Kiva.org, we apply the model 
to different baseline learning-based models and verify the significant 
improvements in the lending prediction.  
This study contributes to the analysis and modeling of the 
individual-level social influences to leveraging them into a feasible 
prediction framework. It narrows the gap in the crowd-funding 
literature to verify that modeling individual-level social effects is 
feasible and valuable in user behavior analysis. The proposed SBI 
model is applicable in different user behavior predictions. 
This model is rather simple, and for future research, we could analyze 
the detailed patterns of the influence for further improvement of the 
predictions.  For instance, it will be possible to analyze the peer 
influence by collecting more individual-level information from the 
teams. Incorporating the analysis of the social ties in the community 
into the model of the influence weight is also feasible. Moreover, we can 
investigate the differences in the social influences of the large and small 
teams, and of the high-performance and the low-performance lenders. 
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